Popularity in social media is an important objective for professional users (e.g. companies, celebrities, and public figures, etc). A simple yet prominent metric utilized to measure the popularity of a user is the number of fans or followers she succeed to attract to her page. Popularity is influenced by several factors which identifying them is an interesting research topic. This paper aims to understand this phenomenon in social media by exploring the popularity evolution for professional users in Facebook. To this end, we implemented a crawler and monitor the popularity evolution trend of 8k most popular professional users on Facebook over a period of 14 months. The collected dataset includes around 20 million popularity values and 43 million posts. We characterized different popularity evolution patterns by clustering the users temporal number of fans and study them from various perspectives including their categories and level of activities. Our observations show that being active and famous correlate positively with the popularity trend.
I. INTRODUCTION
In the fast-paced digital world, Online Social Networks (OSNs) have experienced a massive growth in their variety and usage over the past decade. These systems offer a huge opportunity for professional users (i.e. companies, politicians, celebrities, etc.) who aim to both attract new followers and interact better with them [1] . Facebook as the most popular OSN with more than one billion subscribers defines a specific type of account for professional users, called FanPages 1 . This type of account has several features that distinguish it from regular accounts. If a user likes a page, it will be added to the interest list of the user's profile. Professional users from various categories can create FanPages on Facebook as a means of interacting with their fans and customers.
Apart from the general static attributes such as the page description and category selected by the page owner, the main dynamic attribute for each page is the number of fans (N f ) who have liked the page. This metric is publicly available for each FanPage and considered as the main metric that shows the popularity of a FanPage [2] . Even in major political events such as US presidential election, the popularity metric in different social media is the main metric to compare different candidate success in their campaign. Several studies have emphasized the role of N f as a comparative and competitive metric for professional users. Many of professional users are willing to spend a considerable amount of money to increase 1 http://www.facebook.com/about/pages/ this value, even through unusual ways such as buying likes from like farms [3] [4] . The number of likes of a page has been found to be one of the most positive correlated features linking candidates' fan pages to the number of their votes in elections [5] [6] . Attracting Facebook fans is also used as a marketing strategy [7] and provides a metric to measure the return on social media investment [8] . We will use the term popularity to refer to the number of likes of a page. To the best of authors' knowledge, even though a number of papers have studied the popularity trends of content and posts [9] [10], there is no study on evaluating the popularity evolution of users, especially by the focus on professional users. This paper studies the temporal popularity evolution of professional users through their FanPages on Facebook and attempts to identify the factors that influence the popularity trends. The objectives pursued here are designed to answer the following research questions:
(i) How does the temporal popularity of users vary overall and in accordance with users' business sector (Facebook predefined categories)?
(ii) What temporal patterns can be identified from the timeseries N f of pages?
(iii) What are the factors influencing the popularity trends?
To answer the stated questions, an extensive list of the most popular professional users in terms of N f was selected and the required data collected by implementing advanced data collection tools. Our dataset includes 8K of FanPages that have the highest number of fans validated by a third-party portal Social Bakers 2 .
The main contributions of this study are: i) The proposed methodology of monitoring the popularity evolution of professional users on Facebook in very micro level is novel which is applicable to different types of OSNs.
ii) Following the methodology, we classified the users in two main groups: First, fan-attractors who grew their N f by different patterns, and second, fan-losers, users with a noticeable drop in their popularity trend.
iii) We found several influential factors on the popularity trend of users. The activity level of users or being celebrity are positively correlated to the trend of the number of fans.
The rest of this paper is organized as follows: We present related work in Section II followed by Section III describing the methodology and the dataset. Section IV represents a general overview of the popularity and its evolution. The model and results are discussed in Section V and finally Section VI concludes this study.
II. RELATED WORK
One of the most well-studied aspects of social media is popularity [11] [9] because popularity has become one of the main utilities that is used in advertisements, marketing, and predictions [3] . The term 'popularity' refers to different metrics such as the number of likes, views, or votes that a page or a content receives [11] [12] . Barclay et al. [5] investigated the correlation between political opinions on Facebook and Twitter in the US presidential elections of 2012. They showed that the number of fans and the sentiment of comments are the most-correlated features to the candidates final votes. In another similar work, Barclay et al. [13] demonstrated the number of likes of the Facebook FanPages of the parties as a predictor of election outcomes with 86.6% accuracy.
Meanwhile, a number of studies have focused on identifying the influential factors on attracting new fans and increasing users' engagement level [14] [15] . Authors in [16] performed an empirical study on a sample of posts created by different brands on their Facebook FanPages. They investigated, the impact of some factors such as emotion and testimonial presence. Cvijikj et al. [12] analyzed the effects of content characteristics on user engagement in Facebook FanPages. They found that providing informative and entertaining content significantly increases the user's engagement level. To enhance the number of likes and comments of a post, Vries et al. [9] found that highly vivid and interactive posts like videos and questions can attract more likes and comments than other kinds of post. Pronschinske et al. [18] studied the relationship between the attributes of Facebook pages and the number of page likes. They showed that being authentic by indicating a page as an official page and linking a website to a Facebook page as well as having more engagement in the posts of a page will attract more fans.
Simultaneously, many studies have tried to model and forecast popularity, specially for content [11] . Bandari et al. utilized article features like source, category, and subjectivity to predict the popularity of an article on Twitter with 84% accuracy. Lerman et al. used a stochastic model to predict how popular a newly posted story will be based on the early reactions of Digg users [19] . In [20] and [21] researchers used temporal content features to predict the popularity of content by exploiting time series clustering techniques and linear regression methods. Different categories of features have been examined to predict the popularity of content [22] and in [23] temporal features are illustrated as the best predictors.
It is worth mentioning that several companies monitor Facebook FanPages activities and provide reports, by charging their customers, with general analysis for their clients. One of them that provides aggregated popularity results for single users, is SocialBakers. They claim that their services allow brands to measure, compare, and contrast the success of their social media campaigns with competitive intelligence. In summary, although few studies have looked to the different aspects of Facebook FanPages, but their focus were mostly for a small group of users. To the best of the authors knowledge none of the previous studies has specifically investigated the evolution of popularity in a large scale and for a long period. This paper is the first study that looks to this aspect for a list of 8K popular FanPages and also investigates the influential factors to the popularity evolution trends.
III. DATA COLLECTION AND DATASET
The objective of this study is to explore how the popularity of top professional Facebook FanPages evolves. To this end, we first selected 8K of the top Facebook FanPages based on their N f from the previously mentioned third-party application Social Bakers which ranks users based on the number of fans.
In order to monitor the popularity evolution of the selected users and generate a time-series of their N f and of their activities; we implemented three crawlers as follows: Firstly, we implemented a data collection tool that queries FB public API to collect the number of fans. The data collection is performed for the selected 8K users over a period of 14 months from September 2013 to October 2014. To have enough detail, the value of N f is recorded, every 4 hours (6 times per day). The second crawler collects the general information of users from their profile which includes detailed information such as their pre-defined categories , description of the page, etc. The third crawler collects the activity (published posts) of users and its associated attributes on the period of our study. A summary of dataset's main characteristics is presented in Table I .
IV. EVOLUTION OF POPULARITY
Before clustering, we go through the analyzing aggregated popularity evolution of users to provide an insightful vision of the dataset. During the initial analysis, a group of users is identified who have a sudden and large peak in their N f in a very short period of time . By looking carefully to their data, we found that this peak reflects the impact of a newly announced service by Facebook, named GlobalPage [24] . Facebook GlobalPage is a new page structure for big brands which are active across globe and have several separate pages with the same name but active in different languages and different locations.These pages which formed almost 10% of the dataset, were excluded from it because their trend are not aligned with the aim of this study which is to identify real popularity trends and their effective factors. 
A. Popularity Analysis -In Overall
Monthly popularity value is defined indicating the average value of user's N f in each month. Since our dataset covers 14 months, each user has a 14-entries vector representing her popularity trend in the period of the dataset.
By considering the overall changes in N f from M1 to M14 for each user, despite the probable peaks and drops, 80% (5798 out of 7216) of the users attracted new fans and on the other hand 20% (1418 out of 7216) lost fans during this 14-month period. Figure 1 shows the distribution of users' popularity from the first month (M1) to the last (M14). The median values for M1 and M14 distributions are 1.3 and 1.7 Millions respectively, which this median value increased from M1 to M14 by 30% (and 38% increment for mean value). Figure 2 represents the distribution of users based on the percentage of their N f growth during the period of this study. As shown in the figure, the growth rate of the number of fans for pages who lost fans is not less than -20% and the major range of fans lost are between -5% and 0%. On the other hand, most of the fan-attractor pages are in the range of 10% to 30% growth and the distribution continues in a long-tailed pattern.
B. Popularity Analysis -Category Wise
Each page is assigned to a business sector by the page owner in the time of subscribing called category. To investigate (a) Sum of squared error (SSE) (b) Silhouette width for different cluster numbers Fig. 3 : SSE test to find the appropriate k value for our dataset the users' distribution and overall popularity evolution inside the categories, we chose 17 (out of 158) categories those that include more than 1% of the total pages in the dataset separately and more than 75% in sum shown in Table II . The main observations from Table II are 
V. USERS' CLUSTERING
This section aims to analyse the popularity in the user level and try to identify different clusters of users with similar patterns in their popularity trends. To this end, the evolution of N f is modeled by exploiting different clustering techniques and investigating different characteristics (popularity range, category and activity distributions) in each identified cluster.
A. Feature Vector and Clusters
To cluster users based on the popularity attributes, a 14entry monthly popularity vector for each user is used as a feature vector in the clustering method. The entries represent the monthly N f of users that have values over the range of one hundred thousand to one hundred million. The goal is to group the users with similar popularity evolution into a cluster, regardless of the value of N f . To clarify this point, consider two FanPages from quite different ranges of popularity, which both have 50% growth of N f with the same trend over the same time period. They should be assigned to a same cluster because their popularity trend are similar. To this end, we used the Min-Max normalization method which scales every Next we applied several clustering algorithms including Kmeans [25] , KSC [26] and K-shape [27] and as the outcome of all of them were similar, we consider the K-means clustering algorithm to the above-mentioned feature vectors. K-means requires the number of clusters (k) as the input parameter. There are different approaches to detect the optimal number of clusters. In this study, we used the elbow method [28] , which considers the within-cluster sum of the squared errors (SSE) to find the appropriate k for our dataset. Figure 3a shows the SSE results for different k numbers applied to the dataset.
As depicted in Figure 3a , the distortion of SSE goes down rapidly by increment of k to the value of 4. Then it descends slowly to 5 and continues with slower decrement. It seems that the diagram reaches an elbow at k = 4. However to be more assured of an appropriate k value, the Silhouette width [29] of different k values is also computed. The concept of silhouette width involves the difference between the withincluster tightness and the separation from the rest of clusters. Figure 3b shows the average Silhouette width for different numbers of cluster. The average Silhouette width is almost constant with k increasing from 3 to 4. This means that with k equals to 4, users are located in as right cluster as with 3. But as the SSE in Figure 3a has an impressive decrease with 3 clusters, we chose 4 as the appropriate number of clusters. Figure 4 represents the normalized popularity trends for the clusters. Each plot shows the average value of the normalized N f belonging to the users in one of the cluster. In general, three of the identified popularity patterns are ascending by means of different behaviors, and one of them is descending. In summary we can observe the following points:
(i) Users are continuously losing their fans in the first cluster (Cluster-1 ) which includes 20% of our dataset population.
(ii) The most populated cluster is the Cluster-2 by 43% of the users. It shows an ascending popularity growth behavior in average. This means that the popularity of the users in this cluster is constantly increasing due to attracting new fans.
(iii) Cluster-3 has 13% of the dataset population and users in this cluster show a sudden growth (around 80%) in the first half of the time and then their growth is stopped and somehow saturated in the second half.
(iv) Cluster-4, with 25% of the users, shows an opposite behavior to Cluster-3. Its users show near to 30% growth in the first 7 months and then 70% during the last 7 months.
Next we characterize the identified clusters from three perspectives, their popularity, category and activity.
B. Popularity Distribution in each Cluster
This section analyzes the clustering results with respect to the users' popularity distribution. The aim is to identify how the normalized popularity trend can be affected by the absolute value of N f . First we look to the distribution of popularity in the clusters. Figure 5 shows the CDF plots of the last month (M14) users' popularity in four identified clusters. The first interesting point in this figure is the popularity distribution of users in Cluster-1. As we saw earlier in Figure 4 , users in this cluster are gradually losing their fans. Figure 5 shows most of these users are less popular than the users in other clusters. Almost 65% of them have less than 1M fans, and the number of users which have more than 2M fans does not exceed 10%.
According to this plot, three other clusters include users with much higher values of N f . It can be observed that users in two of the most fan-attractor clusters (Cluster-2 and Cluster-4 ) are more popular and have high N f in compare to users in the other two clusters. The median values of popularity in these two clusters are almost 2M fans. While only 30% and 10% of users in Clusters 3 and 1 have more than 2M fans. Thus, the most popular users belong to Cluster-2 and Cluster-4, which both represent exclusively fan-attractor behaviour. In contrary, most of the less popular users are in Cluster-1 and Cluster-3, where their popularity pattern show a fan losing behavior or of being almost saturated. To conclude this section, in general more popular users show very sharp fan attracting trends while less popular ones show fan losing or saturating trends. 
C. Category Analysis
In this part we investigate the distribution of categories inside the identified clusters to understand if there are categories with a dominant population in a specific cluster. Figure 6 shows the distribution of the 17 most populated categories, mentioned earlier in Table II , across the identified clusters.
An interesting observation from the category distribution is the high presence of the Community and Entertainment categories in Cluster-1, with around 85% and 40% portion of presence, respectively. Given that the users in this cluster are losing their fans, and the Community category is the second most populated category with 13.7% of the users in the dataset, it can be concluded that it is also the biggest set of fan-loser users. According to the Facebook 3 , "a Community Page is a page about an organization, celebrity or topic that it does not officially represent. It links to the official page about that topic." Our observations show that a Community page is a place that Facebook users gather to share their ideas, images, posts around a specific topic, company, or celebrity and cannot remain attractive to users over time. One of the reason we found is the new feature of Facebook "Verified" which provide the possibility for verifying popular pages which Facebook started in May 2013. After verification, people are more likely following the verified pages instead of the community pages. In summary, according to the popularity trend of other three clusters and category distributions of Cluster-1, we can say more than 80% of users from all categories except Community and Entertainment categories are attracting new fans.
Cluster-2, which shows a fixed rate of popularity growth, includes a high presence of Musician band and TV show categories, which are two of the three most-populated categories with 17% and 6.6% of the users in the dataset. These two categories, accompanied by Actor director, contain most of the celebrities' pages in our dataset. On the other hand, as Cluster-2 shows the most successful fan-attracting trend, we can indicate that the pages of celebrities are always interesting for people to follow. Around 30% to 50% of other categories' users also show similar pattern of attracting new fans.
The distribution of categories in Cluster-3 shows almost an equal presence of all categories without any dominant one, except a minimum presence of Athlete categories. The trend of this cluster could have different explanations like fansaturation, reduction of the activity or external events which have the same side effect on users in different categories. In the next section, we look for the effect of activity volume on users' fan-trends as a probable influential factor.
Cluster-4, which includes 25% of our users, has a variety of categories distribution. Three categories, Athlete, Clothing, and Sport team have more than 50% of their population in this cluster. According to the popularity pattern of this cluster, most of the users experienced more than 70% of their popularity growth in the second half of the study period. Some famous celebrities such as Neymar (Football player), Real Madrid C.F. (Sport team) are in this cluster. For users such as those related to football, the most probable reason of significant N f growth may be the main events of European leagues which are overlapped with the second half of our dataset period.
As a summary of this part, we saw that Community is characterized as the most fan-losing category with a major presence in Cluster-1. The categories containing more celebrities are the most fan-attracting ones, with a significant presence in the two most fan-attractor clusters, Cluster-2 and Cluster-4.
D. Activity Analysis
Being active in Facebook by continuously publishing new posts, can ensure professional users to stay in touch with their followers and attract new ones as well [14] . To understand the impact of activity on popularity, Figure 7 shows the CDF plots of the number of published posts by users in four clusters for M1 and M14. It illustrates that the published posts of the users in Cluster-1, who lost their fans, declined from M1 to M14. This can be observed for the distribution of users in Cluster-3 as well ( Figure 7c ). As discussed before, the N f of users in this cluster is almost constant for the second half of the study period. It can be concluded that the reduced number of activity in these two clusters is an important factor for the lost of fans in Cluster-1 and the failure to attract new ones in Cluster-3.
In contrast, the activity level of users have not changed substantially in the two most fan-attracting clusters, Cluster-2 and Cluster-4. Even we can see a small increment in the activity curve of Cluster-4 ; the number of users who published more than 150 posts in the last month is greater than the number of users who posted that much in the first month. Considering their popularity trends which show a continuous growth, it can be deducted that being constantly active effect the process of attracting new fans.
In a nutshell, we observe that staying active in terms of publishing posts can help to attract new fans and followers whereas reducing the activity level can lead to stagnant number of followers, and even losing fans.
VI. CONCLUSION
This paper studied the users popularity evolution in online social networks with a focus on professional users such as companies, celebrities, brands, and etc. To this end, the number of fans of almost 8K of the most popular professional users was collected in six daily snapshots, over a period of 14 months. The users' published posts were also collected in the same time period, which eventually provided around 20 million snapshots of popularity values. The experiments conducted on this data reveal interesting results. Users were categorized into two main groups fan-losers and fan-attractors, and four different patterns of popularity evolution were identified. Several factors are identified that influence the popularity trend of users, such as the social position like celebrities, external events associated to the owner of the page, and the level of activity. The findings from this study provide a comprehensive view on professional users' popularity evolution, and reveal the impact of different factors on it.
This study only analyzed professional Facebook users. The analysis of cross-popularity of these users on other major social networks, e.g. Twitter, Instagram, etc., can be considered as a future work. Beside the activity and external events, it could be very interesting to look on other potential influential factors such as specific strategies that users are following in social media. Providing a comprehensive list of suggestions for users to enhance their success in social media can also be an extension of this work.
